choice of this fraction. For example, in Fig. 7 , 4/5 was used instead of 3/5, and it seems to make little difference. The process is also not very sensitive to the cutoff on gradient magnitude; in Fig. 8 , 10 was used instead of 3, with little effect on the results.
In conclusion, the process works well for the images that we have used. It is computationally inexpensive, since only a few iterations are required. It therefore deserves consideration as an alternative to other types of peak detection or one-dimensional clustering schemes. [Of course, like all such schemes, it must be used with caution, since it cannot take into account the possibility that small regions in an image may have special significance even though they do not give rise to significant peaks on the image's histogram, or that the histogram peaks do not correspond to homogeneous image regions. It is also difficult to predict what results such schemes will produce if applied to histograms that do not have well-defined peak structures.]
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One restriction was imposed on this process, namely that no more than 3/5 of the points in any bin have their gray levels changed at any one iteration. The process is not very sensitive to On Automatic Plosive Identification Using Fuzziness in Property Sets SANKAR K. PAL AND DWIJESH DUTTA MAJUMDER Abstract-The present paper is a continuation of our previous work [1] in vowel and speaker recognition and is an attempt to demonstrate the effectiveness of fuzzy algorithms developed for computer recognition of unaspirated plosives in CVC context. The maximum recognition score for voiced ranges from 60 percent for dentals to 85 percent for bilabials when the on-glide formant transitional data alone were considered as input. Variation in recognition score due to multiple applications ofthe operators CON, DIL, and INT is about 20-25 percent and becomes insignificant after optimum fuzziness is achieved.
I. INTRODUCTION
The present study is a continuation of that in our previous correspondence [1] on fuzzy sets and decisionmaking approaches in vowel and speaker recognition where the decisional algorithms were based on the maximum values of membership function and magnitude of similarity vectors among the fuzzy property sets of a pattern. Two constant parameters which appeared in the exponent and denominator of the expressions for membership-value and property-value played the role of fuzzy generators. The object of the present correspondence is to demonstrate the effectiveness of using fuzziness in property sets as a classificatory method and Manuscript received July 26, 1977; revised October 27, 1977. also the formant transitional data alone as characteristic features to automatic recognition of initial unaspirated plosives in CVC context. The function of the fuzzy operators CON, DIL, and INT [2] , [3] was implemented by changing the value of the exponential fuzzy generators. Their effect on plosive accuracy rate is also investigated.
The information regarding the place of articulation of stop consonants is now believed to be present in both the burst spectra and the transition of vowel formants [4] - [6] . The listening experiment conducted by LaRiviere et al. [7] with segmented and gated speech and ten native undergraduate listeners revealed that the highest score was obtained when aperiodic and vocalic transition of the CV syllables were presented to the listeners. The aperiodic spectra portion included the burst spectra. The result for recognition of /p/, /t/, and /k/ with target vowels /i/, /a/, and /u/ using aperiodic plus vocalic transition is much improved from that obtained with vocalic transition alone. A recent experiment for Telugu unaspirated plosives [8] , using a maximum likelihood ratio as a test of classification, supported the above findings and showed the characterizing behavior of formant transitional data for consonant recognition. To examine the above claim, the acoustic features in the present experiment for classification of consonants were considered to be the on-glide transition (AF), the duration (At), and rate of transition (AF/At) from the point of transient release of stop closure to the steady state of formants. In the present experiment only the first two formants were considered for selection of the transitional features. These had been extracted from spectrum analysis of a set of Telugu vocabulary containing about 600 commonly used speech units in CVC combination and uttered by three informants. Results are furnished through confusion matrices and plotting curves.
II. Fuzzy SETS AND OPERATORS
A fuzzy set (A) with its finite number of supports x1, x2, , Xn in the universe of discourse U is defined as The experimental setup for recording and spectrographic display of these words, including nature of speakers and measurement process, is described in our previous communication [1] .
The manual extraction of features from spectrograms consisted of the following steps. With the above information, the fuzzy similarity matrices were formed, which denote the degree of similarity of the pattern with the four classes for a specified value of F,. The method of evaluating the similarity matrices has already been reported [1] . where the reciprocal of the standard deviation of a component was used as its weighting coefficient so that the features with increasing variance have a decreasing weighting coefficient. Again, in a few cases, where the standard deviation of the coordinate values in a class was zero, the corresponding coefficient was set at unity. This is logical since an attribute occurring in identical magnitudes in all members of a set is an important feature of the set. Hence, its contribution to the similarity measurement need not be reduced. To assign a proper class to an unknown pattern, the nonfuzzy decision was adopted by the machine by measuring the maximum closeness on the basis of the magnitudes of the similarity vectors. For instance, the property values of an event corresponding to F. = 0.5 indicate its degree of "slightly having" the properties. and the components in the fuzzy similarity vectors denote its corresponding grades of membership of "slightly belonging" to the respective classes, etc. The class possessing maximum nonfuzzy of an earlier experiment [8] . The larger formant spreads for voiced stops indicate a larger extent of coarticulation with the vowels that follow them. This larger coarticulation is expected to be responsible for better discrimination of the place of articulation for voiced stops once the target vowel is known a priori. The overall percentages of correctness with different target vowels and their variation with fuzziness are sketched in Fig. 4 for unvoiced and voiced plosives. value of s. Plosives in initial positions with back target vowels are better identified than other target vowels.
The dotted curves in Fig. 4(a) [7] and with several band pass filters and seven postgraduate male listeners [10] . The results of consonant recognition as conducted by LaRiviere et al. [7] with aperiodic and vocalic transition for the target vowels /i/, /a/ and lu/ are found to be 0.98, 1.0, 0.81 for /p/, 1.0, 1.0, 0.13 for /t/, and 0.63. 0.83, 0.95 for /u/. In a recent statistical study [8] [11] - [13] showing the conceptual and practical advantages of fuzzy algorithms over the probabilistic approach in demonstrating ill-defined patterns where pattern indeterminacy is due to inherent vagueness rather than randomness of events and especially when the sample size is small. In addition the method is more significant from the following viewpoints.
a) The burst spectra, an important cue, particularly the antiformants, were not included as recognition features.
b) The CV syllables in the experiment were taken from normally spoken words, and therefore, coarticulation from distant vowels and consonants is likely to affect the transitions.
c) The minimum duration of vowels (250 ms) for arriving at the perfect steady state could not be achieved in these utterances.
The role played by the exponential fuzzy generator is found to be satisfactory in altering the fuzziness within property sets. The fuzzy hedge "slightly," corresponding to the DIL operation as expected, results in better classification than that of the hedge "very" (Fe = 2.0). But successive application of the DIL operation does not ensure an increase in recognition score. In other words, after an optimum value of the exponential fuzzy generator is achieved, the fuzziness in property sets is not much altered. Hence, the variation of the score becomes insignificant. A wide variation of about 20-25 percent (excepting the velars) in accuracy rate is achieved with different values of Fe ranging from 8 to 1.
The reciprocal of the standard deviation provides appropriate phase weights in measuring the impurtance of the features. This supports the findings in our previous communications [1] , [9] . This characteristic is also found to be significant for the property sets having higher degrees of fuzziness. The recognition score is likely to be further improved by the inclusion of the transitional data of a third formant and the data of the burst spectra. Since this work is purposely restricted to show only the effectiveness of formant transitional data as a recognition parameter and the fuzzyset theoretic approach as a decisional algorithm for automatic consonant recognition, these parameters were excluded.
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